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(57) ABSTRACT 

Systems and methods are provided through Which a graphic 
image is classi?ed in terms of being natural versus computer 
generated, or being a scienti?c slide presentation versus a 
comic image. The image is classi?ed by extracting appro 
priate feature(s) from the image, and using the feature(s) to 
determine, Within a predetermined degree of accuracy, the 
graphic classi?cation of the image. 

The classi?cation determination uses a trained model. The 
trained model is created by using machine learning algo 
rithms such as Neural Networks, Support Vector Machines, 
and Learning Vector QuantiZations. 

Subsequently, the trained model is used to classify a group 
of images of unknown classi?cation automatically. 
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SYSTEM AND METHOD FOR CLASSIFICATION 
OF IMAGES AND VIDEOS 

FIELD OF THE INVENTION 

[0001] This invention relates generally to image process 
ing, and more particularly to identi?cation of images. 

BACKGROUND OF THE INVENTION 

[0002] Users search for image ?les or video stream ?les 
With certain characteristics on ?le systems, databases or 
networks, such as the Internet. Searches are performed in 
order to locate ?les related to a particular subject matter or 
topic. Internet-users base searches for graphic ?les on tex 
tual hints, such as the name of the ?le, ALT-tag, and/or an 
association With a Web page having characteristics that 
match the search criteria. Internet-users can also base a 
search on a particular encoding scheme, such as MP3, in 
order to locate ?les that are encoded in a scheme that is 
compatible With softWare tools of the user or to locate ?les 
that meet a threshold of quality. 

[0003] Users may also desire to search for graphic ?les by 
other criteria, seeking, for instance, natural images that have 
been digitiZed or scanned, computer generated images that 
have been rendered or ray-traced, scienti?c slide presenta 
tions, or comic images. HoWever, because ?les are not 
readily identi?able as having those characteristics, the 
search is accomplished by locating the ?le, loading and 
displaying the ?le in a graphical display tool, and then 
manually vieWing the ?le to determine if the ?le has these 
characteristics. This is a sloW and expensive manual clas 
si?cation process. 

[0004] Furthermore, the characteristics of image ?les or 
video stream ?les have an in?uence on, dictate, or direct, 
hoW a video stream or image is stored, retrieved and/or 
processed. These characteristics are important because 
actions can be taken to optimiZe the speed or storage 
capacity in storing, retrieving, and/or processing the graphic 
?les. HoWever, these characteristics of the ?le are not readily 
discernable. Media portals, such as yahoo.com, use auto 
mated tools to store, index, retrieve and process graphic 
?les. When automated tools store, retrieve and process the 
graphic ?les, the inability to readily distinguish betWeen 
?les based on the ?le characteristics of digitiZed or scanned, 
computer generated from rendering or ray-tracing, scienti?c 
slide presentation, or comic, leaves the tools incapable of 
optimiZing the storing, retrieving and processing of the 
graphic ?le. 

[0005] There is a need in media portals to be able to 
classify graphic ?les in terms of Whether they are natural 
images that have been digitiZed or scanned, arti?cial com 
puter generated images that have been rendered or ray 
traced, scienti?c slide presentations, or comic images, With 
out manual classi?cation. 

[0006] For the reasons stated above, and for other reasons 
stated beloW Which Will become apparent to those skilled in 
the art upon reading and understanding the present speci? 
cation, there is a need in the art for the ability to distinguish 
betWeen natural images and arti?cial images and to distin 
guish betWeen slide images and comic images. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0007] FIG. 1 is a diagram illustrating a system-level 
overvieW of an embodiment of the invention. 
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[0008] FIG. 2 is a ?oWchart of a method of extracting a 
feature from an image for classifying the image by natural 
image versus arti?cial image, performed according to an 
embodiment of the invention. 

[0009] FIG. 3 is a ?oWchart of a method of one embodi 
ment of the action of measuring one or more noise vectors 
in FIG. 2, performed according to an embodiment of the 
invention. 

[0010] FIG. 4 is a ?oWchart of a method of extracting a 
feature vector from an image for purposes of classifying the 
image by slide image versus comic image, performed 
according to an embodiment of the invention. 

[0011] FIG. 5 is a ?oWchart of a method of determining 
text block features, as in determining text block features in 
FIG. 4, performed according to an embodiment of the 
invention. 

[0012] FIG. 6 is a ?oWchart of a method of determining 
edge features from an image, yielding a set of detected edges 
in the image, performed according to an embodiment of the 
invention. 

[0013] FIG. 7 is a ?oWchart of a method of learning 
classi?cation by slide image versus comic image from a 
feature vector of a set of training images, performed accord 
ing to an embodiment of the invention. 

[0014] FIG. 8 is a ?oWchart of a method of classifying one 
or more training images from at least one operating param 
eter, as in FIG. 7, performed according to an embodiment of 
the invention. 

[0015] FIG. 9 is a ?oWchart of a method of classifying one 
of the training images, as in action in FIG. 8, performed 
according to an embodiment of the invention. 

[0016] FIG. 10 is a ?oWchart of a method of classifying 
an image by slide image versus comic image classi?cation 
from a feature vector of an image, performed according to 
an embodiment of the invention. 

[0017] FIG. 11 is a ?oWchart of a method of classifying an 
image by natural image versus arti?cial image classi?cation 
from a feature vector of an image, performed according to 
an embodiment of the invention. 

[0018] FIG. 12 is a ?oWchart of a method of extracting an 
edge-sharpness feature vector, performed according to an 
embodiment of the invention. 

[0019] FIG. 13 is a ?oWchart of a method for reducing 
noise in an image, performed according to an embodiment 
of the invention. 

[0020] FIG. 14 is a block diagram of an apparatus for 
learning classi?cation betWeen a natural image class versus 
arti?cial image class from a noise vector of an image, 
performed according to an embodiment of the invention. 

[0021] FIG. 15 is a block diagram of an apparatus for 
learning classi?cation betWeen slide image class versus 
comic image class from a feature vector of an image, such 
as calculated in FIG. 4, performed according to an embodi 
ment of the invention. 

DETAILED DESCRIPTION OF THE 
INVENTION 

[0022] In the folloWing detailed description of embodi 
ments of the invention, reference is made to the accompa 
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nying drawings which form a part hereof, and in which is 
shown by way of illustration speci?c embodiments in which 
the invention may be practiced. These embodiments are 
described in suf?cient detail to enable those skilled in the art 
to practice the invention, and it is to be understood that other 
embodiments may be utiliZed and that logical, mechanical, 
electrical and other changes may be made without departing 
from the scope of the present invention. The following 
detailed description is, therefore, not to be taken in a limiting 
sense, and the scope of the present invention is de?ned only 
by the appended claims. 

[0023] The detailed description is divided into ?ve sec 
tions. In the ?rst section, a system level overview of the 
invention is presented. In the second section, methods for an 
embodiment of the invention are provided. In the third 
section, a particular object-oriented Internet-based imple 
mentation of the invention is described. Finally, in the fourth 
section, a conclusion of the detailed description is provided. 

System Level Overview 

[0024] FIG. 1 is a block diagram that provides a system 
level overview 200 of the operation of embodiments of the 
present invention. Embodiments of the invention are 
described as operating in a multi-processing, multi-threaded 
operating environment on a computer or any other device. 
However, the invention is not limited to multi-processing, 
multi-threaded operating environments and computers; for 
example, the invention also operates in single-processor/ 
single-threaded systems, on embedded devices, such as 
personal digital assistants, handheld electronic devices, 
palmtop electronic devices, cellular phones containing a 
processor, or it can be implemented directly into hardware 
chips which are specialiZed to do this classi?cation. 

[0025] System 200 includes a digital image and/or a series 
of images composed as a video stream 210. The image/video 
210 is received by a feature extraction component 220. The 
feature extraction component 220 extracts one or more 

chosen or predetermined features (not shown) from the 
image/video 210. Examples of features are noise and sharp 
ness of edges. 

[0026] The extracted feature is received by the learning 
component 230. The learning component 230 uses the 
extracted feature to determine classi?cation data (not 
shown) of extracted features, and thereafter, the classi?ca 
tion data is stored by a trained model 250. The features 
stored are ?oating point or integer numbers which corre 
spond to for example a digitiZed or scanned image, a 
computer-generated image, a comic or a slide. 

[0027] The learning component 230 implements any one 
of a number of machine learning algorithms, such as a 
Learning Vector Quantization, Neural Network, or Support 
Vector Machine. 

[0028] In one embodiment, the feature extraction compo 
nent 220, the learning component 230, and the trained model 
250 comprise a training system. 

[0029] A number of image/videos that are representative 
of a class of image/video can be processed by the learning 
component 230 in order to develop a robust trained model, 
thereby increasing the accuracy of the trained model 250. 

[0030] The classi?cation component 240 determines a 
most probable classi?cation 260 of an image/video 210 from 
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the extracted feature and the trained model 250. The clas 
si?cation component 240 acts as a trained classi?er of the 
image/video 210 when the classi?cation component 240 acts 
in reference to the trained model 250. The classi?cation 
component 240 is also known as a classi?er. 

[0031] In one embodiment, the feature extraction compo 
nent 220, the classi?cation component 240, and the trained 
model 250 comprise a classi?cation system. 

[0032] The system level overview of the operation of an 
embodiment of the invention has been described in this 
section of the detailed description. System 200 enables 
image ?les 210 to be classi?ed, without manual classi?ca 
tion, in terms of features, such as a natural image that has 
been digitiZed or scanned versus a computer generated 
image that has been rendered or ray-traced, or a scienti?c 
slide presentation versus a comic image. While the invention 
is not limited to any particular trained model, learning 
component or classi?cation component, or image or video, 
for sake of clarity a simpli?ed trained model, learning 
component or classi?cation component, or image or video 
has been described. 

Methods of an Embodiment of the Invention 

[0033] In the previous section, a system level overview of 
the operation of an embodiment of the invention was 
described. In this section, the particular methods performed 
by the server and the clients of such an embodiment are 
described by reference to a series of ?owcharts. Describing 
the methods by reference to a ?owchart enables one skilled 
in the art to develop such programs, ?rmware, or hardware, 
including such instructions to carry out the methods on 
suitable computeriZed clients (the processor of the clients 
executing the instructions from computer-readable media, 
the processor operably coupled to a storage device). Simi 
larly, the methods performed by the server computer pro 
grams, ?rmware, or hardware are also composed of com 
puter-executable instructions. Describing the methods by 
reference to ?owcharts enables one skilled in the art to 
develop programs, ?rmware, or hardware, including instruc 
tions to carry out the methods on a suitable computeriZed 
server (the processor of the server executing the instructions 
from computer-readable media). Methods 300-1400 are per 
formed by a program executing on, or performed by ?rm 
ware or hardware that is a part of, a computer, as well as 
from embedded devices or circuits specialiZed to do classi 
?cation. 

[0034] Discriminating Between Natural and Computer 
Generated Images. 

[0035] FIG. 2 is a ?owchart of a method 300 of extracting 
a feature from an image for purposes of classifying the 
image by natural image versus arti?cial computer-generated 
image, performed according to an embodiment of the inven 
tion. 

[0036] The class of natural images encompasses all 
images taken from nature. Examples of natural images 
includes digital photos and video frames. The class of 
arti?cial images includes all ray-tracing images and images 
from graphic tools such as Adobe Photoshop, and computer 
games. 

[0037] In one embodiment, method 300 is performed by 
feature extraction component 220 in FIG. 1. 
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[0038] Method 300 includes receiving or inputting 310 
from a ?rst image or from a video frame. In one embodiment 
of method 300, the image is a frame in a video stream. 

[0039] Thereafter, method 300 includes measuring noise 
in the image and/or sharpness of edges 320. Subsequently, 
the method includes outputting and/or generating the feature 
vector. 

[0040] In one embodiment of the present invention, a 
feature vector is an array of numbers. For example, for the 
‘natural/arti?cial’ classi?cation of method 300, the array 
contains 1024 numbers betWeen 0 and 1, in Which the 
fraction of pixels have a difference value of 0, 1, 2, . . . 255, 
Which is four times for a radius of 1, 2, 3 and 4. Furthermore, 
the array is an array of numbers, either ?oating point or 
integer, depending on the particular class/feature. 

[0041] Method 300 is used in the discriminating, distin 
guishing or classifying an image according to Whether the 
image is a natural image that Was scanned or digitiZed into 
a digital graphic format, or Whether the image Was com 
puter-generated that rendered or ray-traced. One or more 
graphical features, such as random noise and the sharpness 
of the graphical image, can be used to classify the image as 
natural or computer-generated. 

[0042] Extracting Noise Vectors 

[0043] FIG. 3 is a ?oWchart of a method 400 of one 
embodiment of the action of measuring one or more noise 
vectors 320 in FIG. 2, performed according to an embodi 
ment of the invention. 

[0044] Method 400 includes generating a noise-reduced 
second image from the ?rst image 410. The ?rst image is 
used as input to a process or component that generates a 
second image that has reduced noise of the ?rst image. In 
varying embodiments, generating a noise-reduced second 
image from the ?rst image 410 further includes applying a 
loW pass ?lter, such as a median ?lter, applying a Gaussian 
?lter, and/or applying a Wiener ?lter. AloW pass ?lter is used 
in digital image processing to remove the high frequency 
component or noise, resulting in a smoothed image. LoW 
pass ?lters are usually based upon a moving average or 
median approach. A median ?lter is a loW pass ?lter based 
upon a calculation of the median value of a neighborhood of 
pixels. A Gaussian Filter is an algorithm smoothing spatial 
variations in an image or the spatial and/or temporal varia 
tions in a video by averaging neighboring values of light 
intensity, the contribution of values to the average being 
Weighted according to a Gaussian function. 

[0045] Thereafter, method 400 includes determining, and/ 
or calculating, 420 a pixel histogram of the difference image. 
The resulting histogram is taken as a feature vector for the 
learning component 230 in FIG. 1 or the classi?cation 
component 240 in FIG. 1. 

[0046] Extracting Edge-Sharpness Vectors. 

[0047] FIG. 12 is a ?oWchart of a method 1300 of 
extracting an edge-sharpness feature vector, performed 
according to an embodiment of the invention. 

[0048] Method 1300 includes generating a sharpness-re 
duced, or blurred, second image from the ?rst image 1310. 
The ?rst image is used as input to a process or component 
that generates a second image that has reduced sharpness of 
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the ?rst image. The process of reducing sharpness affects 
sharp edges more than fuZZy edges, and thus alloWs ?nding 
sharp edges. In varying embodiments, reducing edge-sharp 
ness in the second image 1320 includes applying a Gaussian 
?lter to the second image. Thereafter, the method includes 
determining, and/or calculating, the difference betWeen the 
?rst image and the second image 1320, and aggregating the 
difference image into a pixel difference histogram, Which in 
turn yields a feature vector 1330. 

[0049] In method 1300, the resulting feature vector is an 
edge-sharpness vector. The resulting edge-sharpness vector 
is used in the training action 310 in FIG. 2 to train the 
system to recogniZe the ?rst image as natural or computer 
generated. It is also used in the classi?cation component 240 
in FIG. 1. 

[0050] Discriminating BetWeen Scienti?c Slide Presenta 
tions and Comic Images. 

[0051] FIG. 4 is a ?oWchart of a method 500 of extracting 
a feature vector from an image for purposes of classifying 
the image by slide image class versus comic image class, 
performed according to an embodiment of the invention. In 
one embodiment, method 500 is performed by feature 
extraction component 220 in FIG. 1. 

[0052] The class of slide presentations includes all images 
shoWing slide independently of Whether they Were created 
digitally by a presentation program, such as Microsoft 
PoWerpoint or by hand. Many scienti?c posters fall into this 
class, because they are designed like a single slide. The class 
of comics includes the cartoons in newspapers and books as 
Well as other kinds of comics. Slide presentations and 
comics may be in color or in black and White. 

[0053] Method 500 includes receiving or inputting 510 a 
?rst image. In one embodiment of method 500, the image is 
a frame in a video stream. 

[0054] Method 500 also includes locating text from the 
?rst image 520, yielding a text-de?ned image. Subsequently, 
the method also includes detecting text boxes from the 
text-de?ned image 530, yielding a text-box de?ned image. 
Thereafter method 500 includes calculating text block fea 
tures and/or information from the text-box de?ned image 
540. 

[0055] The method also includes calculating edge/border 
features/and or information from the ?rst image 550, yield 
ing an edge/border de?ned image, and calculating the aspect 
ratio of the image 560. 

[0056] Subsequently, method 500 include generating a 
feature vector 570 from the aspect ratio yielded by action 
560, from the text block features and/or information yielded 
by action 540, and from the edge/border de?ned image 
yielded by action 550. 

[0057] In one embodiment of the present invention, a 
feature vector is an array of numbers. For example, for the 
comic/scienti?c classi?cation of method 500, the array 
contains the number of horiZontal and vertical edges in each 
direction of a number of speci?c lengths, the aspect ratio, the 
average Width/height of textblocks, etc. Further, the array is 
an array of numbers, either ?oating point or integer, depend 
ing on the particular class/feature. 

[0058] FIG. 5 is a ?oWchart of a method 600 of a method 
of determining text block features, as in determining text 
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block features 540 in FIG. 4, performed according to an 
embodiment of the invention. 

[0059] Method 600 includes receiving or inputting posi 
tion and/or siZe information of all teXt blocks, and the Width 
and height of the image 610. Subsequently, method 600 
includes calculating the relative Width of the topmost teXt 
block, from the position and/or siZe information 620. 

[0060] Method 600 also includes calculating the average 
of the Width of all teXt blocks, calculating the average of the 
height of all teXt blocks, calculating the standard deviation 
of the Width of all teXt blocks, calculating their respective 
standard deviations of the height of all teXt blocks 630; from 
the position and/or siZe information received in action 610. 

[0061] Method 600 also includes calculating the average 
of the center of all teXt blocks and calculating the standard 
deviation of the center of all teXt blocks 640, from the 
position and/or siZe information received in action 610. 

[0062] Subsequently, method 600 includes generating the 
feature vector 650 from the relative Width of the topmost teXt 
block calculated in action 620, from the average of the Width 
of all teXt blocks calculated in action 630, from the average 
of the height of all teXt blocks calculated in action 630, from 
the standard deviation of the Width of all teXt blocks calcu 
lated in action 630, from the standard deviation of the height 
of all teXt blocks calculated in action 630, from the average 
of the center of all teXt blocks calculated in action 640, and 
from the standard deviation of the center of all teXt blocks 
calculated in action 640. 

[0063] FIG. 6 is a ?oWchart of a method 700 of a method 
of determining edge features from an image, yielding a set 
of detected edges in the image, performed according to an 
embodiment of the invention. 

[0064] Method 700 includes receiving the image 710, and 
locating edges 720 of a predetermined appropriate angle and 
length from the image. Action 720 does not necessarily 
yields at least one located edge, but it usually does. The 
method also includes attempting to combine lines in the 
same roW and column 730, from the at least one edge. The 
attempted combining 730 yields combined lines. 

[0065] Subsequently, method 700 includes generating a 
feature vector 740 from the combined lines of action 730 and 
the located edges of action 720. 

[0066] FIG. 7 is a ?oWchart of a method 800 of learning 
classi?cation by slide image versus comic image from a 
feature vector of a set of training images, performed accord 
ing to an embodiment of the invention. In one embodiment, 
method 800 is performed by learning component 230 in 
FIG. 1. 

[0067] Method 800 also includes receiving a number of 
feature vectors of a number of training images 810. There 
after, the method includes calculating a mean value of each 
feature component of the feature vectors and calculating the 
standard deviation of each feature component of the feature 
vectors 820. Subsequently, method 800 includes initialiZing 
at least one, one or more, operating parameters from about 
and/or around the mean values of the slide image class and 
the comic class 830. In one embodiment, the one or more 
operating parameters are one or more operating parameters 
of a classi?er of the learning component 230 in FIG. 1. 
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[0068] Then the method 800 begins a loop that does not 
eXit until a predetermined minimum threshold of accuracy is 
achieved. In one embodiment, the minimum threshold of 
accuracy is a measure of the percentage of correctly classi 
?ed images. The method classi?es the training images from 
the at least one operating parameter 840, yielding overall 
accuracy. Thereafter, a determination and/or comparison of 
Whether the accuracy meets a predetermined minimum 
threshold is made 850. The determination yields an indica 
tion of success or an indication of failure. Where there is an 
indication of success that the accuracy meets the minimum 
threshold, method 800 includes generating trained threshold 
values 860. Where there is no indication of success that the 
accuracy meets the minimum threshold, method 800 
includes adjusting the at least one operating parameter from 
about the mean values of the slide image class and the comic 
class 870 and the method continues With action 840. 

[0069] FIG. 8 is a ?oWchart of a method 900 of classify 
ing one or more training images from the at least one 
operating parameter, as in 840 in FIG. 7, performed accord 
ing to an embodiment of the invention. 

[0070] FIG. 8 includes receiving a set of one or more 
feature vectors 910. Thereafter, the method includes setting 
an indication of a correct number of classi?cations to Zero 
920 and setting an indication of a total number of classi? 
cations to Zero. 

[0071] Subsequently, the method includes classifying one 
out of the set of training images based on the neXt feature 
vector in the set of feature vectors 930. The classifying 
action 930 yields a generated classi?cation. Thereafter, a 
determination of Whether or not the generated classifying 
matches the actual classi?cation of the one of the set of 
training images 940. If the determining is 940 is successful, 
the indication of a correct number of classi?cations is 
incremented by one. 

[0072] Method 900 continues With incrementing the indi 
cation of a total number of classi?cations. 

[0073] Thereafter, the method continues With classifying 
one out of the set of training images 930 for each remaining 
feature vector of the set of feature vectors. 

[0074] Subsequently, the method includes generating or 
outputting the percentage of correct classi?cations 970 from 
the indication of a number of correct classi?cations, and 
from the indication of a total number of classi?cations. 

[0075] FIG. 9 is a ?oWchart of a method 1000 of classi 
fying one of the training images, as in action 930 in FIG. 8, 
performed according to an embodiment of the invention. 

[0076] Method 1000 includes receiving the feature vector 
1010 and receiving the at least one operating parameter set 
1020. The feature vector is notated as fX, . . . , fN. The at least 

one operating parameter set is notated as tX1, . . . , 

tXM> tBI' ' ' ' >tBM> tN1> ' ~ - >tNM' 

[0077] Thereafter, the method includes initialiZing the 
probability of the image being a slide and initialiZing the 
probability of the image being a slide to Zero 1030. 

[0078] Subsequently, method 1000 initialiZes a loop 
counter variable “X” to the value of “A”1091. Then the 
method begins a loop that encompasses actions 1040, 1050, 
1060, 1070, 1080, and 1093, that is controlled by the 
comparison action 1092. 
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[0079] The loop includes evaluating 1040 the feature 
vector fX in comparison to the at least one operating param 
eter, txl. 

[0080] After the evaluation 1040, in action 1050, the 
method increments the probability of the image being a 
comic is incremented by one of the amounts Pcl) PCZ) 
Pc3> . . . depending on the thresholds txl) . . . ,tXM betWeen 

Which the part fx of the feature vector falls. Also the 
probability of the image being a slide is incremented by one 
of the amounts PS1) PS2) PS3) . . . depending on the thresholds 
txl) . . . , tXM betWeen Which the part fX of the feature vector 
falls. 

[0081] For example, if fX<=tX1> the probabilities Pc1 and 
PS1 are used. 

[0082] If tX1<fX<=tX2> the probabilities Pc2 and PS2 are 
used. 

[0083] If tX2<fX<=tX3, the probabilities Pc3 and PS3 are 
used. 

[0084] . . and so on for till 

[0085] If tX(M_1)<fX<=tXM> the probabilities PQM) and 
P are used. 

S(M) 

[0086] If fX>=tXM> the probabilities PQMH) and PS<M+D 
are used. 

[0087] The actions of evaluating 1040, and incrementing 
1050, 1060, 1070, and 1080 are repeated for each element 
(A. . . N) in the feature vector (fX . . . fN). 

[0088] The loop is continued if the loop counter variable 
“X” is less than the value represented by “N”1092. 

[0089] The loop continues by incrementing 1093 the loop 
counter variable “X”, and With the evaluation in action 1040. 

[0090] After the loop of method 1000 ends, the method 
1000 includes generating the class having the highest prob 
ability 1090. 

[0091] FIG. 10 is a ?oWchart of a method 1100 of 
classifying an image as slide image versus comic image 
from a feature vector of an image, performed according to 
an embodiment of the invention. In one embodiment, 
method 1100 is performed by classi?cation component 240 
in FIG. 1. 

[0092] Method 1100 includes inputting or receiving a 
feature vector 1110, such as the feature vector generated by 
feature extraction component 220 in FIG. 1, or produced by 
method 500 in FIG. 4. 

[0093] Thereafter, the method includes classifying an 
image as slide image versus comic image based on the 
received feature vector 1120. In one embodiment, the image 
is the image 210 in FIG. 1. In another embodiment, the 
classifying is performed in accordance With method 1000 in 
FIG. 9. 

[0094] Subsequently, the method includes outputting or 
generating the classi?cation of the image 1130. 

[0095] FIG. 11 is a ?oWchart of a method 1200 of 
classifying an image as natural image versus an arti?cial 
image from a feature vector of an image, performed accord 
ing to an embodiment of the invention. In one embodiment, 
method 1200 is performed by classi?cation component 240 
in FIG. 1. 
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[0096] The method includes inputting or receiving a fea 
ture vector 1210, such as the feature vector generated by 
feature extraction component 220 in FIG. 1, or produced by 
method 300 in FIG. 2. Thereafter, the method includes 
classifying an image 1220 associated With the feature vector 
as a natural image versus an arti?cial image based on the 
received feature vector. Subsequently, the method includes 
outputting or generating the classi?cation of the image 1230. 

[0097] FIG. 12 is a ?oWchart of a method 1300 of 
extracting an edge-sharpness feature vector, performed 
according to an embodiment of the invention. 

[0098] Method 1300 includes generating 1310 a second 
image With reduced edge-sharpness from a 1St image. The 
second image is a blurred version of the ?rst image. 

[0099] Thereafter, method 1300 includes calculating 1320 
a difference betWeen the ?rst image and the second image. 
Action 1320 yields a feature vector. 

[0100] Subsequently, method 1300 includes calculating a 
pixel histogram 1330 from the corresponding difference. 

[0101] FIG. 13 is a ?oWchart of a method 1400 for 
reducing noise in an image, performed according to an 
embodiment of the invention. 

[0102] Method 1400 includes calculating 1410 a differ 
ence betWeen the image and a de-noised version of the 
image. 

[0103] Subsequently, method 1400 includes generating a 
histogram 1420 from the difference. 

[0104] Thereafter, a learning algorithm is performed on 
the histogram 1430. 

[0105] In one embodiment, the image is a frame in a video 
stream. In another embodiment, the learning algorithm is 
Learning Vector Quantization or Support Vector Machine. 

[0106] In still yet other embodiments, methods 300, 400, 
500, 600, 800, 900, 1000, 1100, 1200, 1300, and 1400 are 
implemented as a computer data signal embodied in a carrier 
Wave, that represents a sequence of instructions Which, When 
executed by a processor, to cause the processor to perform 
methods 300, 400, 500, 600, 800, 900, 1000, 1100, 1200, 
1300, and 1400, respectively. 

Implementation 

[0107] Referring to FIGS. 14-15, a particular implemen 
tation of the invention is described. 

[0108] FIG. 14 is a block diagram of an apparatus 1500 
for learning classi?cation betWeen natural image class ver 
sus arti?cial image class from a noise vector of an image, 
performed according to an embodiment of the invention. In 
one embodiment, apparatus 1500 implements the method 
1200 of FIG. 11. 

[0109] Apparatus 1500 includes noise-reducer 1520 that 
generates a noise-reduced second image 1530 from a ?rst 
image 1510. In varying embodiments, the noise-reducer 
implements a median ?ler, a Wiener ?lter and/or a Gaussian 
?lter. 

[0110] Apparatus also includes a difference determiner 
1540 that is operably coupled to the noise-reducer 1520, that 










